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ABSTRACT

Modelvalidationandflight testdataanalysigequirecarefulconsideratiorof the effectsof uncertainty
noise,andnonlinearity Uncertaintyprevails in the dataanalysistechniquesandresultsin a composite
modeluncertaintyfrom unmodeleddynamics,assumptiongndmechanicof the estimationprocedures,
noise,andnonlinearity A fundamentatrequiremenfor reliableandrobust modeldevelopmentis an at-
temptto accountfor eachof thesesourcesof error, in particular for modelvalidation, robust stability
prediction,andflight control systemdevelopment. This paperis concernedvith dataprocessingoroce-
duresfor uncertaintyreductionin modelvalidationfor stability estimationandnonlineandentification.

F/A-18 Active AeroelasticWing (AAW) aircraft datais usedto demonstratesignal representation
effectson uncertairmodeldevelopmentstability estimationandnonlineardentification.Datais decom-
posedusingadaptve orthonormabest-basisndwavelet-basisignaldecomposition$or signaldenoising
into linearandnonlinearidentificationalgorithms.Nonlinearidentificationfrom a wavelet-based/olterra
kernel procedureis usedto extract nonlineardynamicsfrom aeroelastiaesponsesandto assistmodel
developmentanduncertaintyreductionfor modelvalidationandstability predictionby removing a class
of nonlinearityfrom the uncertainty

INTRODUCTION

AeroelastiandaerosergelastiASE)flight dataanalysisandmodelvalidationmustnecessarilgope
with uncertaintynoise,andnonlinearity Model uncertaintybetweera high-fidelity computationamodel,
reduced-orde(ref. [1]) model,or a linear model,anda descriptve representatiof the actualaircraft
dynamicss inevitable. ASE systemsomprisanteractionf generallymulti-input multi-outputsampled-
datacontrol feedbackwith actuationdynamicscoupledwith ASE. Highly augmentedlosed-loopflight
testdatarequireextra carein distinguishingsystemcomponentynamics. Importantconsideration®f
uncertaintyclassificatiorrelative to the signalprocessingandidentificationproceduresyersusan actual
modelmis-matchmustbe assessedndminimizedfor accuratenodelupdates.

Identificationof ASE dynamicspresentone of the greatesthallengedor flight dataanalysis. Un-
steadyaerodynamicsturbulence,shockeffects,andspatiallylocal behaiors are often difficult to quan-
tify, especiallywith inadequatenstrumentation Exogenousnputsandasymmetriccharacteristicereate
problemdor obsenability andidentifiability. Model verificationoveranextensveflight envelopepresents
morechallengesTestdataacquisitions expensve somaneuersaredesignedor maximumefficiengy and
dataquality with sometimesostly consequenced/erificationmethodsaredesiredwhich accuratelyand
efficiently include identificationof critical parametersaddressmismodelingand unmodeleddynamics,
dealwith testconditionand systemvariability, and derive data-consisterparametricand nonparametric
uncertaintydescriptiongref. [2, 3]). Non-parametridescriptionsareaddresseth this paper

This paperattemptdo approaclestimationof ASE modelswith procedureso accounfor uncertainty
noise,andnonlinearity Setmembershipdentificationin theform of boundecerrorestimation(ref. [2, 4])
hasbeenusedpreviously to characterizdéeasiblesetsof parametersvith uncertaintyestimatesonsistent
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with thedata,modelstructure andprior informationon uncertaintypounds.Minimum uppererrorbounds
computedwith parameteestimategesultin a feasiblesetdescribedas a function of the error bounds,
therebyresultingin error boundsdescribinga smallestnon-emptyfeasibleset. Theseerror boundscan
be refinedwith appropriatedatadecompositionsvhich extract relevant featuresfrom a time-frequeng

perspectie.

Extractionof localtime andfrequeng contentof signalshasbeenshavn to beusefulin nonstationary
signalanalysisfor classificationrecognition,andinterpretation(ref. [5, 6]). Automatedtechniquesare
being pursuedto detectimpulsive, wide-band,and harmoniccomponentsy adaptve tracking of time-
frequeny andtime-scalevariationsof multi-componensignals(ref. [7, 8, 9]). Bestbasisalgorithmsseek
to generatdastadaptve sparsaepresentationthat have enhancedesolutioncomparedo non-adapire
approachesTheseatomicdecompositionactonovercompletalictionariefor moregenerabnalysisover
awide classof signalg(ref. [10, 11]). However, adaptvetime-frequenyg localizationis moreefficientwith
orthogonalbr approximatelyorthogonaldatadecompositionghat projectsignalsontofunctionsthatform
anorthonormabasisof finite enegy signals(ref. [12, 7, 13]).

Application of an adaptve orthogonaldatadecompositions usedhereto optimally extractinforma-
tion content. One techniqueusesa fastadaptve best-basisgxpansionof signalsin local trigonometric
baseqref. [12, 14])(LTBs). Anothernearorthogonaredundantvaveletbasis(ref. [7, 15, 16, 17]) is also
usedfor nonstationartime-frequeng representationsTransferfunctionsare derived to demonstrate
lessconserative uncertaintyboundfor robuststability analysisvhenusingthesesignalrepresentations.

Thesesignalrepresentationareincorporatedn a nonlinearmultiwvavelet-based/olterrakerneliden-
tification procedureg(ref. [18, 19)) to discernnonlinearplus-noisedynamicsfrom a bestunderlyinglin-
earrepresentationKernelsareidentifiedfrom wavelet-processedataanddiscussioris presenteagbout
the applicability andfeasibility of identifying Volterrakernelsfrom nonlinearF/A-18 Active Aeroelastic
Wing (ref. [20]) flight data.

AEROSERVOELASTIC DATA ANALYSIS

The ASE open-loopplantmodelincludesrigid body and elasticmodes,coupledhigh-orderactuator
dynamics,andcontrolsurfacemodaldynamics(ref. [3]). Includingthe aerodynamidag statesthe ASE
stateequationsare

= Az + Bu, y=Cx+ Du; x = [0s0NeNrNeNad |

consistingof input control surfacecommandsu, actuatorstates;, rigid body statesy,, flexible mode
statesn,, aerodynamidag statesr,, and control surfacedisplacements. Aeroserwoelasticplant, P,
is thereforerepresentedsthe state-spaceperator Associatedwith this time-domainrepresentatiofis
the transferfunction, P(s), a function of the complex Laplacevariable,s, suchthaty = P(s)u, where
P(s) =D+ C(sI — A)~'B. ControllerK (s) is modeledsimilarly, but beinga digital implementationit
is modeledasa function of discretecomplex variable,z, asK (z = e*1') specifiecby the samplingtime T
andazero-ordeisample-holdat theinput of the controller
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Figurel: Closed-loopASE modelwith additive andmultiplicative plantuncertainty

Multiplicative uncertaintyis usedto representinmodeledlynamicsanderrorsfrom thefeedbacksen-
sors(w, = A,z,) andactuatorinput commandgw; = A;z;) asshovn in Figurel. Eachof A, and A;
arediagonalcomple perturbationf appropriateoutputor input dimensionswith suitableweightsW;
suchthattheuncertaintypertubationg@renorm-boundedby unity. Multiplicative perturbatioratthe output
resultsin perturbednodel P, = (I + A,)P, andat the input the perturbedmodelis P, = P(I + A;).
Structuredrobust stability testsrepresentinghesetypesof uncertaintyare describedfrom the comple-
mentarysensitvity matrix functionsof complex P(s) and K (s), namely T, = PK(I + PK) ! and
T, = KP(I + KP)'. Anotheruncertaintycharacterizatiors the additive perturbation,A,, with per
turbedplant 2, = P + A,, which is depictedin Figurel (w, = A,z,). Theeffect of real parametric
uncertaintyatthe plantinput or outputcanbe shovn to represenanadditive uncertaintyin the planttrans-
fer function (ref. [2]). Necessarandsufficient conditionsfor structuredrobuststability arethenderived
from thefollowing testson loop sensitvity functions(ref. [21, 22]) (where||A, ||« < 1, ||Aillo < 1, and
I|A.]l < 1) with thestructuredsingularvalue, ., dependingonthetypeof uncertainty{A;, A,, A, }.

pagWol,W) < 1, uai(WaTiWs) < 1, pa,(WeK (I + PK)™'Ws) < 1.

Data Decompositions

An uncertaintyboundestimationtechniquebasedon robust minimax estimation(ref. [2, 4]) is used
hereto demonstratéhe effectsof signalrepresentationgn robuststability analysis Minimum uppererror
boundsare computedwith the ASE model parameterestimatesuchthat the feasibleestimationsetis
describedasa functionof the errorboundswith no apriori assumptioron the noiseor modeluncertainty
Transferfunctionsarecomputedn therobustminimaxestimationschemeo identify input-outputparam-
etersandstructurederrorboundsconsistentvith the data. Theseuncertaintyestimatesprovide structured
uncertaintyrepresentationfor robust stability analysisuseful for model validation and control system
design.



Two typesof datadecompositiongprojectionsof the dataonto a setof pre-definedbasisfunctions)
to be discussedn this paperare of concernfor either linear or nonlinearsignal analysisand system
identification.Many otheroptions(ref. [10, 8, 9, 11, 23]) basedon time-frequeng filtering, localization,
andwaveletdenoising(ref. [13]) ideashave shovn promisefor signalenhancemeninterpretationand
analysisandwill bepursuedor ASEflight testdynamicdan futureresearchThetwo choserin this paper
(1) local trigonometric(ref. [12]) and,(2) Morlet wavelet (ref. [15, 16]) basesareillustrative of other
methodsandhave soundtheoreticalandpracticaljustification.

Local time-frequeng signaldecompositiongienerallyrequirebasisfunctionswell localizedin both
time andfrequeng. Orthogonalityhelpsfor algorithmicefficiency. An adaptve decompositions desired
for betteraccuray andsparsityin the representationSignalsare projectedonto orthonormabasesach
with differenttime-frequenyg propertiesbeforechoosingthe bestbasiswith some(informationcost)op-
timality criteria. Popularandfastalgorithmsfor best-basiselectioninclude wavelet paclets (ref. [14])
which allow for a generalbasisrepresentaiotut usuallyrequirea dyadicdecimationat eachscale,and
it canbe difficult to relatecoeficientsbetweenscalesor from a scaleto the original signal. LTBs have
excellenttime andfrequeng resolutionandallow for simpleandfastalgorithms(ref. [12, 13, 14]) while
relying only on trigonometricfunctions,which maynot be appropriatdor signalsof interest.

LTBs assigna ramp, or rising cutoff functionr(¢) = exp[jp(t)]sin[#(¢)], which risesfrom zeroto
unity in theinterval {—1,1} for p € {2n7,2mz} andd € {0,5}. Windows are createdrom the ramp
functionsappliedto bothsidesof eachinterval. Localcosinesareconstructedby dilating, normalizing,and
translatingwindowedblock cosinesovera disjoint partitionof intervalsof thesignal. Cosinesand/orsines
arethenusedasbasego orthogonallyprojectthe dataontocompactlysupportedvindowedtrigonometric
functionswhich arewell-localizedin time andfrequeng. Adaptiity dependson best-basisalgorithms
choosingoptimal partitionsand correspondingoeficients for the expansion. A reasonableriteria is
the decayrate of coeficientsasa function of the partition, which is quantifiedby the derivativeslocally
at the intervals. Basedon this criteria the decisionto divide intervals is madelocally independenbf
otherchangegref. [12]). By usingthe Fourier transformpropertyof derivation, < f™, e 7™/l >=
(—ymn/|I|)™ < f,e™/I1l > for partitionlength|I|, the algorithmis efficient.

Waveletdecompositionglsohave desirablepropertiesfor signaldecompositond the waveletbasis
functionshave propertiesinherentto the signal. Morlet wavelet multiresolutionanalysiscan provide
efficient (well-matchedo the signal)anddescriptve coeficientsfor featuredetectionandidentification
purposegref. [7, 24, 16]) muchlike the LTBs for sinusoidal-lile signals.

Results

Flutter and ASE clearancen both the subsonicand supersoniervelopesfor the Active Aeroelastic
Wing is accomplishedvith multisinesweepsummedo pertinentactuatorcommandsaswasdoneprevi-
ouslyontheNASA DrydenF/A-18 System$Researchircraft (ref. [2]). The56 structuralaccelerometers
are distributed on the fuselage empennagesand all control surfaces. Control systemfeedbackscom-
mandsandsurfacepositionsarealsoavailablefor ASE monitoring. Demonstratiorof the effect of signal
decompositiongto the LTBs andthe Morlet waveletfunctionswill now bedemonstrated.
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This paperis concernedvith ASE stability estimationand aeroelastialynamicsidentificationwith
signalsrepresentedsin Figure2. Hereis the right rearwingtip accelerometeresponseat Mach0.85,
15,000ftaltitude during a multisine input to the collective aileron command. The sweepsun from 3-
35Hz for 26sec,andthis segmentis a portion between5-10secduring excitation of the first symmetric
wing bendingmode. The top plot is the raw dataat 200spsandthe secondplot is LTB-filtered with a
harddenoisingthresholdof the LTB coeficientsat 90% (ref. [12]). Hard thresholdingcorresponds$o an
optimizationof the signalinto a bestbasisby minimizing the residualnorm amongstall datasetswith
a fixed numberof nonzerocoeficients determinedby the threshold(ref. [11]). Despitethis extreme
threshold,the signal looks remarkablysimilar to the original. However, the LTB-filtered signal must
correspondo a trigonometricbasis,and the residualshovn on the sameplot (secondfrom the top) is
white noise.

Raw

LTB
with residual

Morlet

Morlet
Residual

|
5 5.5 6 6.5 7 7.5 8 8.5 9 9.5 10
Time, sec

Figure2: AAW right rearwingtip accelerometeresponség’s) of first symmetricwing bendingmodefrom multi-
sineexcitationto the symmetricaileroncommand Fromtop to bottom:
Raw data,LTB-filteredwith residual Morlet-filtered,andresidualof Morlet-filteredsignal.

The Morlet-filtereddatain thethird plot of Figure2 is clearly a sinusoidabasisof the datain-phase
with theoriginal signal. A residualof the Morlet waveletcoeficientsin thefourth plot is calculatecasthe
signalreconstructiorfrom the coeficientsthatarenot usedin the reconstructiorof the filtered signal of
thethird plot. Theseresidualwaveletcoeficientsareextractedfrom the scalogran(time-frequeng map
of the wavelet coeficients) outsidethe region of the input signal. Hencethesecontributionsare dueto
extraneoussignalcontentoutsideof thecommandednhput multisinesweepsuchasfrom exogenousnput,
nonlinearity andnoisein theresponseTheseMorlet-dervedsignalrepresentationwill assisin linearvs
nonlineardynamicsdentificationusingVolterrakernelsin the next section.
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Figure3: Mach0.855,000feet; Additive perturbatioranalysisgMaxAdd), complex multiplicative (Complex), and
nominal(Nominal) modelanalysisusingcomplentarysensitvity functionsZ; andT,.

Left plotsarelongitudinalanalysesandright plotsarelateral-directionainalyses.

Raw data(top), LTB-filtereddata(middle),andMorlet-filtereddata(bottom).

To demonstratehe effects of thesesignal representationsn stability analysis,the raw data, LTB-
filtered data,andMorlet-filteredfeedbackesponseandcontrolcommandsreusedto computethe com-
plementarysensitvity functions{7;, T,} andperformthe structuredobuststability analysesepresented
by Figurel andexpressiong1). In thetop plots of Figure3 andFigure4, raw datafrom two flight con-
ditions arechoserfor longitudinalandlateral-directionalobust stability analyses.Theseconditionsare
chosenasa transonic(Mach0.95,15K feet) anda highly turbulent (Mach0.85,5K feet) case.Multisine
inputsareaileron,outboardeadingedge collective stabilator andruddercommandsandoutputsarenor-
mal andlateralaccelerationroll rate,pitch rate,andyaw ratefeedbacks Additive perturbationanalysis
(MaxAdd) usesA, from Figurel derivedfrom thedata,complex multiplicative (Comple) analysidgs de-
rivedfrom updatedransferfunctionsand{A;, A,} from (1) basedon correctiongo the nominalmodels
to matchthedatain aminmiaxoptimizationprocedurdref. [2, 4]), andthenominal(Nominal)analysiss
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Figure4: Mach0.95,15,000feet; Additive perturbationanalysis(MaxAdd), complex multiplicative (Complex),
andnominal(Nominal) modelanalysisusingcomplentarysensitvity functionsT; andT,,.

Left plotsarelongitudinalanalysesandright plotsarelateral-directionainalyses.

Raw data(top), LTB-filtereddata(middle),andMorlet-filtereddata(bottom).

alsocomplex multiplicative uncertaintyanalysisattheinputandoutputfrom the baselineanalysianodels.

Note the large errorsbetweemominaland updatedmodelsat Mach0.85,and high gainlevelsin the
lateral-directionalresponsesiear 10Hz (nearand above 0dB, and large uncertainty). Since the time-
domaindatadoesnotindicateatendeng towardsresonancer instability, theresponsearesuspectiueto
turbulencdevelsor transonieffects.LTB-filtereddatais usedto generatéheresponsem themiddleplots
of Figures3 and4, wherethereis muchimprovementin the longitudinaluncertaintylevelsandmatches
betweernupdatedandnominalmodelsat Mach0.85,andsomeimprovementin the still-consenative gain
levelsof thelateral-directionatesponses.

Finally, in the bottomplots of Figure3 andFigure4 it is shaovn thatthe Morlet-filteredresultsgener



ally producelessconsenrative stability maigin andmorerealisticlateral-directionabainlevelswherethe
modalpeaksnearlOHzaremorereasonablevith referenceo theflight data. This shovs areasonablém-
provementin the Morlet-filteredresponsesspeciallyin thetransonicandlateral-directionatomparisons
with raw andLTB-filtereddata.

NONLINEAR AEROELASTIC DATA ANALYSIS

Volterraseriegepresentationgrovide a corvenientframavork for theanalysisof nonlineardynamical
systemsTheVolterratheoryof nonlinearsystemstateshatthe systenoutputy canbeexpressedn terms
of aninfinite seriesof integral operatorsof increasingorder(ref. [25]). In practice the seriess truncated
andthis paperconsidersvolterramodelsthat include only the first and second-ordepperators. For a
causalfime-invariant,single-input/single-outpgystemthefirst andsecond-ordeYolterraoperatorsake
theform

i (t) = /0 i (€)ult — £)de 1)

wit) = | /0 ha(€,m)u(t — E)ult — n)dédn @

wherew is theinput andh4, hy arethe first andsecond-orde¥olterrakernels. Collectively, the Volterra
kernelsprovide a modelof the systemsince,oncethe kernelshave beenidentified, the responsdo ary
arbitraryinputcanbedeterminedThefirst-orderkernelrepresentthelineardynamicof thesystemwhile
thekernelsof second-ordeandhighercharacterizéhe nonlineardynamics.It shouldbe notedthat,for a
linear system thefirst-orderkernelis equivalentto the impulseresponsef the systemandthe outputis
givenby equation(1). ThereforetheVolterratheorycanbeviewedasanextensionof theconcepof linear
convolution to nonlinearsystems.in generalVolterraseriesareapplicableto systemghatexhibit fading
memory Fadingmemoryassertshatpastinputshave a diminishinginfluenceon the presenbutput. This
impliesthatall of the Volterrakernelsof a givensystemdecayto zeroin afinite periodof time.

Volterra kernel identification

The difficulty in using Volterra seriesto model dynamicalsystemdlies in the identificationof the
Volterrakernels.Fundamentallykernelidentificationis anill-posed,inverseproblemsincethe objectve
is to determinghesystemmodelfrom inputandoutputmeasurement®lso, alargenumberof coeficients
areoftenneededo represenvolterrakernelswith the numberincreasinggeometricallywith the orderof
thekernel.For example,adiscreteVolterramodelrequiresonthe orderof N? coeficientsto representhe
pth-orderkernelfor an NV-dimensionaldataset. In view of theselimitations, mary differentapproaches
have beentakento identify Volterrakernelsin boththetime andfrequeny domains.Direct measurement
techniguesave beenemployedwherebythe kernelsareidentifiedin termsof theresponsef the system
to specificinputs. Thesancludeharmonicprobingandtheapplicationof impulsive inputsto discrete-time



systemgref. [26]). Many approachearestatisticalin natureandcanbeviewedasvariationsof thecross-
correlationtechniquedevelopedby Lee andSchetzer(ref. [27]) for Gaussiarwhite noiseinputs. Other
methods,ncluding the approachtaken in this paper seekto expandthe kernelsin termsof a relatively
smallnumberof basisfunctionssuchasLaguerrepolynomials(ref. [28]) or decayingexponentialgref.
[29]).

In this paper orthonormal piecavise-polynomiaimultiwaveletsareusedto approximatehe first and
second-ordekernelsof nonlinearaeroelasticsystems. Wavelets are compactly-supportedpscillatory
functionsthat are constructedo satisfy certainpropertiessuchas orthogonality smoothnessand sym-
metry requirementgref. [13]). Multiwaveletscomposea setof waveletfunctions{«?, ..., 4"} thatare
generatedrom a setof scalingfunctions{¢',...,¢"} (ref. [30]). The scaledtranslatesand dilatesof
the multiwaveletsform a basisfor L?(R), the spaceof square-intgrablefunctions. The scalingfunctions
generatea multiresolutionanalysis,a seriesof nestedapproximationspaces{V;};cz. EachspaceV; is
definedas

V= span{cbj-’k k€L, se€ {1,...,r}}

where _ _
1= 276" (2 — k)
Hence,increasingthe dilation index j by one effectively doublesthe resolutionof the spaceV;. The

translationindex £ givesthe positionof the functionon the realline. The multiwaveletsareconstructed
sothatthey spanthe orthogonalkcomplemenspaceg W, }:

W;=V;18V;, jEZ 3
EachwaveletspaceV; is definedas
W, = span{v,b;-’k : k€L, s€ {1,...,r}}
where ' '
= PP (2 - k)
Applying equation(3) recursvely, the approximatiorspaceV,; canbedecomposeds
V}-i-l:m@wj—l@'“eawjo@v}o (4)
wherej, is the coarsestesolutionlevel in thedecomposition.

This paperemploys piecavise-quadratienultiwaveletsthathave beenconstructedisingthetechnique
of intertwining (ref. [30]). This processlerivesfour scalingfunctionsandassociateanultiwvaveletsfrom
the classicalquadraticfinite elementbasisfunctions. The detailsof this constructionand plots of the
multiwaveletsaregivenin Ref.[18]. This classof multiwaveletsis well-suitedfor the approximationof
Volterrakernelsbecauséhe functionsareorthogonal symmetricor antisymmetricandareeasilyadapted
to thefinite domainsover which thekernelsaresupported.

In usingthesemultiwaveletsfor kernelidentification,thefirst-orderkernelis first writtenin termsof a
fine-resolutiorapproximatiorspacel; as

hig(€) =) 08,956 (5)



where{a;, } areconstantoeficients. Equation(4) impliesthatanequvalent, multiscalerepresentation
of thekernelcanbeobtainedas

4
ha,i(€ ZZZ@ RIS )“‘ZZQ;O,ka’;O,k(f)
s=1 k

I=jo s=1

This multiscalerepresentatiortermedthe discretewavelettransform,is desirablebecausét decomposes
thekernelinto acoarse-scalaverageover V;, andaseriesof detailsof varyingresolutionoverthewavelet
spacedVj, ..., W;_;. Furthermoremary of the coeficientsin the multiscaleexpansionareoften close
to zeroandcanbengylected Jeadingto a sparsaepresentationl hekernelidentificationproblemis easier
to formulatein termsof the single-scaleepresentatiom equation(5). Fast,recursve algorithmsarethen
appliedto relatethe single-scaleoeficientsto the multiscalewaveletcoeficients.

In a similar manney the second-ordekernelis expandedn termsof two-dimensionakcalingfunc-
tions and multiwavelets. Thesetwo dimensionalfunctionsare obtainedas the tensorproductsof the
one-dimensionadcalingfunctionsandwavelets.A single-scal@approximatiorof the second-ordekernel

canbewritten as
h2] f 77 Z Z ], k: m) ;,m(n) (6)

s,t=1 k,m

andthe equivalentmultiscaleexpansionis givenby

hQ,J 6’ Z Z ajo, k,m) jo, ]0, + Z Z Z 51 (S ! ¢l k ¢l,m(77) (7)

s,t=1 k,m l]ost 1 km
+ 22252(”)%19 +Zzzﬂlkm)wlk ¢z,m(77)
I=j0 s,t=1 k;m 1=j¢ s,t=1 k;m

It hasbeenshown thatthe Volterrakernelscanbe assumedo be symmetric. Underthis assumptionthe
numberof uniquecoeficientsin equationg6) and(7) canbereducedoy almosta factorof two.

The multiwavelet representationsf the first and second-ordekernelsare substitutednto equations
(1) and(2), respectiely. Then,usinga zero-ordehold approximatiorof theinput andoutput,the kernel
identificationproblemreducego the matrix equation

gj = gl,j +ng]~ = [Al AQ] { g; } (8)

(seeRef. [18] for details) In equation(8), Y, representsa vector of discreteoutputsthat have been
sampledat ZJSpsandy arevectorsof dlscreteflrst andsecond-ordeoutputs. Thevectorsﬁ and

1,57 £2,j
B, arecomposecf the multlscalewavelet coeficientsthat representhe first and second- ordekernels
Equatlon(8) is solved,in aleast-squaresensefor thefirst andsecond-ordekernelcoeficients.In mary
casesthevectorsj ) and@2 canbetruncatedo obtainreduced-orderepresentationsf thekernels.
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Results

The multiwavelet-based/olterra kernelidentificationmethodwas usedto extract first and second-
order kernelsfrom AAW flight data. In previous work, a similar approachwas appliedto flight data
from the Aerostructure§estWing (ATW), a small-scalgestwing thatwasdesignedo studyflutter (ref.
[19]). In thatstudy first-orderkernelswere successfullyidentified from the flight dataat variousflight
conditions. The identified second-ordekernelswere essentiallyzero, indicating that the ATW was a
predominantlflinear systemwith two degrees-of-freedomrhe AAW, on the otherhand,is amuchmore
complex systemwith mary coupleddegrees-of-freedomandtheflight dataclearlyindicatesthe presence
of aeroelastimonlinearities.

In practice first andsecond-ordeYolterrakernelsmustbeidentifiedsimultaneouslypecaus¢heterms
in the Volterraseriesarenot orthogonal. The Morlet waveletfiltering procedurecanbe usedto simplify
the identificationprocedureoy decomposindghe datainto a linear componentnda residual. The linear
componentis generatedy correlatingthe input andoutputfrequenciesn the time domain. The portion
of theoutputthatmatchegheinputfrequenciess assumedo belinear. Theresidualdatais assumedo be
composedf nonlineardataandnoise. In this manneya goodapproximationof thelinearandnonlinear
portionsof theresponselatais obtained As anadditionalbenefit, muchof thenoisein thedatais removed
duringthe Morlet filtering process.Thefirst-orderkernelis thenidentifiedfrom the Morlet-filtereddata,
andthe second-ordekernelis identifiedfrom theresidualdata.Of coursejt is certainlypossiblethatthe
Morlet-filtered datacontainssomenonlinearresponseat the input frequencies.Suchresponseould be
modeledn termsof odd-orderkernelsof third orderandhigher which arenot consideredn this paper

As anexample firstandsecond-ordekernelswereextractedfrom AAW flight dataataflight condition
of 15,000 ft, Machnumber0.85. Theinputwasa multisinecollective aileronsweepandthe outputwas
takenasaccelerometedatafrom the forward right wing just insidethe wing fold. This data,which was
sampledat 128 sps,is shavn in Figure5. It shouldbe notedthat the meanof both datasetshasbeen
removedto ignorevariationsin the trim conditionduring the maneuer. The Morlet filtering procedure
wasappliedto the accelerometedata. The Morlet-filteredresponsendthe residualareshovn in Figure
6.

A first-orderkernel was identified from the Morlet-filtered data, which was assumedo be linear.
Then,a symmetric,second-ordekernelwasextractedfrom the residualdata,which wasassumedo be
composedf nonlineardataandnoise.Theidentifiedkernelsareshavn in Figure7. Thememory or time
duration,of eachkernelwaschosenby trial anderrorto be the minimumtime for eachkernelto decay
to zero. Minimizing the kernellengthsreduceghe numberof coeficientsthatmustbeidentified. This is
especiallysignificantfor the second-ordekernel,wheredoublingthe memorywould increasehenumber
of coeficientsby afactorof four. Similarly, the numberof waveletcoeficientsneededo represeneach
kernel,whichis directly relatedto the numberof levels of resolutionused,wasalsodeterminedia trial
anderror. Basically the numberof resolutionlevels wasincreasedintil the kernelscorvergedandthere
wasno benefitin includingadditionalcoeficientsin themodel. Thefirst-orderkernelshovnin Figure7 is
composedf 257 waveletfunctionsandhasa memoryof 2 secondsThe symmetricsecond-ordekernel
is representedh termsof 561 uniquewaveletcoeficientsandhasa memoryof 1 second.

The outputpredictedby the identifiedfirst-orderkernelis shovn in Figure8. Also showvn is acom-
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Figure5: Collective aileroninput andaccelerometeresponséright wing forward, insidewing

fold) atflight conditionMach0.85,15,000ft.
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Figure6: Morlet-filtereddataandresidual.

parisonof the Morlet-filtereddataandthe identifiedfirst-orderdataover a smallwindow in time, corre-
spondingto the excitation of the 14 Hz mode. The identified outputclosely matcheghe Morlet-filtered
datawith someamplitudedifference.

The responseredictedby the identified second-ordekernelis depictedin Figure9. The predicted
second-orderesponseas mostly concentratedn the6 — 9 secondime range. A detailedanalysisof the
residualdatarevealedsignificant12 and 14 Hz responsesorrespondindo input frequencieof 6 and7
Hz, respectrely. This occurredin thetime rangeof 6 — 9 secondsndis clearlyindicative of a quadratic
nonlinearity Thefactthatthis responses evidentin otherdatasetsdemonstratethatit is indeeddueto
anonlinearityandnot merelyalinearresponseo externaldisturbancesAs shown in the zoomed-inplot
in Figure9, the second-ordekernelis ableto predictthis nonlinearresponsdo a reasonableegreeof
accuray.
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CONCLUSIONS

Datadecompositionareinvestigatedor morereliablestability estimatesvhile accountingor uncer
tainty, noise,andnonlinearity Errorboundsonthe estimatesrefoundto improve with nonstationarylata
processingnethodswhich extractlocalizedtime andfrequeny content. Adaptive datadecompositions
offer achoiceof basisfunctionsfor enhancednformationextraction.

Morlet waveletfiltering providesa corvenientdecompositiorof the datainto a linearcomponentand
a residualcomposedof nonlinearresponseand noise. Volterra operatorsare designedwith orthonor
mal, piecavise-polynomialmultiwaveletsto approximatehe first and second-ordekernelsof nonlinear
aeroelasticystems.This classof multiwaveletsis well-suitedfor the approximationof Volterrakernels
becausehe functionsareorthogonalandareeasilyadaptedo the finite domainsover which the kernels
aresupported.
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A first-orderVolterrakernelis identifiedfrom filtereddatato modelthelineardynamics.Thenonlinear
dynamicsarethenmodeledn termsof the second-ordeYolterrakernel,identifiedfrom theresidualdata.
An examplewas given demonstratinghe potential of this approachfor obtainingreasonablyaccurate
modelsof nonlinearaeroelasticystemswith arelatively low numberof waveletbasisfunctions.

DrydenFlight Reseath Center

National Aeronauticsand SpaceAdministiation
Edwads, California, April 14,2003
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